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Introduction
Many studies have found a strong association between the economic outcomes of nations and their performance on international cognitive tests, such as PISA, TIMSS or PIRLS (see, for example, Hanushek and Kimko 2000; Hanushek and Woessmann 2008 and .
This association is interpreted as evidence for the importance of cognitive skills for productivity and economic growth. However, the performance on cognitive tests is not only the result of cognitive skills but also influenced by noncognitive skills, such as motivation and perseverance. Pioneers in intelligence testing like Thorndike and Wechsler already recognized that test takers might not exert maximal effort (Wechsler 1940) . Several recent studies show that noncognitive skills are important for the performance on cognitive tests. For instance, Duckworth et al. (2011) find that under low-stakes research conditions, such as in the international cognitive tests, some individuals try harder than others. Moreover, scores on cognitive tests can be substantially improved by offering a reward (e.g. Gneezy and Rustichini 2000; Almlund et al. 2011; Segal 2012 and Borghans et al. 2008) . Noncognitive factors have also been shown to be important for productivity and other social outcomes at the individual level (e.g. Rubinstein 2001 and Heckman et al. 2013 ). This suggests that noncognitive skills might be an important omitted variable in the relationship between cognitive skills and the economic outcomes of nations. It is therefore unclear to which extent the strong association between the performance on international cognitive tests and economic growth should be interpreted as evidence for the importance of cognitive skills.
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This paper aims to get more insight into the importance of cognitive and noncognitive skills for the relationship between test scores and economic growth. The main novelty of our analysis is that we decompose the performance on an international test (PISA) into two components: the starting level and the decline in performance during the test. This decomposition, recently introduced by Borghans and Schils (2013) , exploits the random allocation of test booklets to students, which generates exogenous variation in the position of questions in the test. This specific feature of the test allows estimation of the decline in performance during the test that is not confounded by unobserved characteris-tics of questions, such as the difficulty of the test items. Borghans and Schils (2013) show that differences in the decline in performance during the test are related to noncognitive factors, such as motivation and ambition, recognized in the studies mentioned above. The starting level of the test score provides a measure of cognitive skills that is not confounded by the noncognitive factors that cause the decline in performance. This implies that the decomposition of test scores generates two components that differ with respect to their underlying skills. Noncognitive skills are related to the performance decline, whereas the starting level of the test scores can be interpreted as a measure of cognitive skills.
We use the results of the decomposition for estimating the association between the two components and economic growth, and compare these findings with the estimated effect of test scores before the decomposition, which is the standard approach in the previous literature. For the analysis we use data from a seminal paper on cognitive skills and economic growth (Hanushek and Woessmann (2012) hereafter HW (2012) ). This study has established a strong association between test scores and economic growth and has found evidence that supports a causal interpretation of the effect of test scores on economic growth. Within this framework we decompose the test scores into two components and estimate the effect of these two components on economic growth. In our empirical approach we try to stay as close as possible to the framework of HW (2012) . However, the decomposition method, which relies on a specific feature of the data collection, can only be applied to the PISA test, which is only one of the tests that is included in HW (2012) . This implies that we use the PISA scores as a proxy for the test score index used in HW (2012) . The PISA scores, however, are highly correlated with the test score index used in HW (2012) (r = 0.91).
This paper makes several contributions to the current economic literature. We contribute to the literature that studies the impact of human capital and skills on economic growth. To our knowledge, no previous study has investigated the association between noncognitive skills and productivity at the macroeconomic level. A reason for this might be the lack of international comparable measures for noncognitive skills. In this study we generate and use a measure that is international comparable. A further contribution is that this measure is based on performance. Most studies on noncognitive skills rely 3 on self-reports of individuals, which complicates international comparisons. Performance based measures have the advantage that they do not suffer from the typical measurement issues related to self-reports, such as reference bias (e.g. Paulhus 1984 and Kautz et al. 2014 ). In addition, by controlling for noncognitive skills we might improve previous estimates of the association between cognitive skills and economic growth from the literature.
It should be noted that these previous estimates might also be biased by identification issues like reverse causality or omitted variables. Our study does not aim to contribute with respect to these issues, but only focuses on the decomposition of the test scores into two components that differ in their underlying skills.
We find that countries differ in both the starting level and the decline in performance during the test and that these differences are stable over time. Both components of test scores have a positive and statistically significant association with economic growth. The size of the estimated effects of the two components is very similar. This suggests that noncognitive skills are also important for explaining the relationship between test scores and economic growth. Moreover, we find that the effect of cognitive skills reduces with approximately forty percent in models that control for noncognitive factors. This indicates that previous estimates of the effects of cognitive skills on economic growth might be upwardly biased.
This study is organized as follows. Section 2 discusses the previous literature on the effect of cognitive skills on economic growth and the recent literature on the importance of noncognitive skills. Section 3 explains the PISA-decomposition and Section 4 explains the estimation of the cross-country growth regressions. The data used in the analyses are described in Section 5. Section 6 shows the main estimation results. Section 7 investigates the robustness of the results to using a stricter measure of the performance decline and Section 8 concludes.
2 Previous Studies

The Relationship between Cognitive Test Scores and Economic Growth
A large empirical literature has studied the impact of human capital on economic growth.
One of the major challenges is to find a good proxy for human capital. Many studies have used average educational attainment as a measure for human capital (see, for example, Barro 1991; Krueger and Lindahl 2001; Sala-i Martin et al. 2004; Doménech and De la Fuente 2006; Cohen and Soto 2007 and Sunde and Vischer 2015) . However, this proxy seems quite imperfect as it assumes that a year spent in school produces the same amount of human capital across all countries. Therefore, Lee and Lee (1995) and Hanushek and Kimko (2000) introduced a new approach that uses the performance on international cognitive tests as a proxy for human capital. The main advantage of this approach is that cognitive test scores can be considered as an output measure that captures what students have learned inside and outside of school. The basic cross-country growth specification in Hanushek and Kimko (2000) regresses the average economic growth of country c (G c ) for a specific period on their measure of human capital (H c ), GDP per capita at the beginning of the period (GDP 0c ) and control variables (Z nc ) such as years of schooling and population growth:
This approach has been extended in a series of studies, which estimate Equation (1) and have very similar results and interpretation (see Barro 2001; Hanushek and Woessmann 2008 , 2011a , 2011b Hanushek 2013 and Jamison et al. 2007 ). Equation (1) is consistent with the endogenous growth models of Romer (1990) and Nelson and Phelps (1966) . In these models growth is attributed to the stock of human capital, which gener- However, HW (2012) show that the estimated effects of cognitive test scores on economic growth are robust to alternative estimation approaches, such as instrumental variables, differences-in-differences and longitudinal analysis of changes in cognitive test scores and in growth rates. Moreover, HW (2012) note that their estimation relies upon the assumption that the average scores for a country tent to be relatively stable over time, which leads them to conclude that differences in cognitive skills lead to economically significant differences in economic growth.
Although these studies find a consistent positive relationship between cognitive test scores and economic growth it remains unclear how these results should be interpreted because test scores might not only be the result of cognitive skills but also the result of noncognitive skills.
Noncognitive Skills, Long-term Individual Outcomes and Cognitive Test Scores
Many studies in psychology and a more recent literature in economics have established the importance of noncognitive skills for individual socioeconomic outcomes (Almlund et al. 2011) . These studies often use personality traits like the Big Five personality inventory as measures of noncognitive skills (Costa and McCrae 1992 and John and Srivastava 1999) and find that these personality measures are as predictive as cognitive measures for outcomes such as economic success, health and criminal activity, even after controlling for family background and cognition. Intervention studies, like the Perry Pre School Program, provide evidence for a causal effect of changes in personality traits on economic and social outcomes (Heckman et al. 2013 (Gneezy and Rustichini 2000 and Segal 2012 ).
These findings have encouraged the possibility of relying on achievement test scores to obtain non-self reported measures of noncognitive skills. Hernández and Hershaff (2014) propose to use skipped items in a non-penalized test as a measure of noncognitive skills.
For our study, the proposal by Borghans and Schils (2013) provides the non-self reported measure of noncognitive skills. It should be noted that the measurement of noncognitive skills has been the object of controversy and even the Big Five is not universally accepted mainly as a consequence of its self-reported nature (Paulhus 1984 and Duckworth et al. 2011) . By relying on a non-self reported measure we can avoid these problems and, at the same time, obtain internationally comparable measures of noncognitive skills. In a recent study Borghans and Schils (2013) introduce an approach that decomposes test scores into the starting level and the decline in performance during the test. They observed that students perform worse on questions that are at a later position in the test.
Two students with the same cognitive skills might score very differently on a cognitive test if one of the students is strongly motivated and the other student does not want to exert effort. It might be expected that these students score quite similar on the first items of the test where motivation is less important, but in the next stages of the test the first student will probably try harder and therefore obtain a higher score. The difference in the decline in test scores can then be attributed to a difference in (test) motivation as a noncognitive skill. A concern with this interpretation is that the decline in test scores might be related to unobservable characteristics, such as the difficulty of the test items.
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If this was the case, the performance decline would be a consequence of cognitive skills rather than noncognitive skills. To address this important issue, Borghans and Schils Table A .1 in the Appendix).
The variation in question numbers can then be exploited for estimating the decline in performance during the test by using the following fixed-effects model:
with Y ij being the score of student i on question j, Q ij is the position of question j in the version of the test answered by student i and µ j is a question fixed effect that takes account of unobservable characteristics of question j, such as the difficulty of a test item.
Due to the random allocation of booklets to students and the inclusion of question fixed effects, the estimated parameter α 1 will not be biased by unobserved factors and can be interpreted as the decline in performance during the test. The decomposition of the test scores into the starting level and the performance decline is based on the estimation of Equation (2). We estimate Equation (2) separately for each country by using a probit model, as in Borghans and Schils (2013) , and use the PISA weighting factors to ensure that the sample is representative. 4 The parameter α 1 measures the decline in performance during the test of a specific country. The parameter α 0 measures the starting level of a specific country, since the question numbers have been rescaled such that the first item is numbered as 0 and the last item as 1. Both measures are robust to the definition of the start of the test. For instance, excluding the first five questions does not affect the estimates of the two components. We use all test items for estimating Equation (2).
Unreached items were coded as incorrectly answered questions. This allows us to stay closer to the framework of HW (2012) in which uncompleted items were interpreted as incorrectly answered to compute final test scores.
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We have also estimated Equation (2) using the average performance on all test items within a cluster as the outcome variable. In this analysis the clusters have been rescaled such that the first cluster is numbered as 0 and the fourth cluster is numbered as 1. With this approach the unit of randomization exactly matches the unit of analysis. The results are very similar to the results from the main approach. We find a correlation of 0.94 for the estimates of the starting level of the two approaches, and a correlation of 0.97 for the decline in performance.
Interpretation of the Two Components
The main idea of the decomposition is that it generates components that differ in their underlying skills. The first component, the starting level, is a measure of cognitive skills that is not confounded by the noncognitive factors that cause the decline in performance.
The second component, the performance decline, is expected to capture noncognitive skills such as test motivation and perseverance. Borghans and Schils (2013) provide four pieces of evidence in support of this interpretation of the two components. First, the performance decline differs from the students' performance at the start of the test, which indicates that the two components measure different types of skills. Second, they show that the two components are stable for the years 2003 and 2006 and that there are differences between countries. This suggests that the two components are able to measure stable traits of the 15-year-old population of a country. Third, they show that the performance decline is related to personality traits and motivation. With the data collected in the Dutch Inventaar 2010 study they find that especially agreeableness (a Big Five personality trait) and motivation towards learning have a strong positive interaction effect with the performance decline. This means that more motivated students have a smaller performance decline. Fourth, using data from the British Cohort Study 1970, they show that the performance decline predicts future outcomes above and beyond achievement.
Differences between Countries and Years
Results of the decomposition of the PISA test of 2006 are shown in Table 2 . Equation (2) is used for computing the probability of correctly answering the first and the last question of the PISA test. Column (1) shows the average of the PISA 2006 test scores, column (2) shows the probability of correctly answering the first question, column (3) shows the probability of correctly answering the last question and column (4) shows the difference between these two probabilities. Column (2) can be interpreted as the starting level of a country and column (4) can be interpreted as the performance decline. Countries are ranked with respect to the performance decline from high to low. Notes: Probabilities are based on the estimates from Equation (2), using PISA 2006 and PISA weights.
We observe that there are large differences in the decline in performance between countries. Columbia and Uruguay have the largest decline in test scores. That is, their probability to answer the last question correctly is 30 percentage points lower than their probability to answer the first question correctly. Within the top ten of countries with the highest decline we observe six countries from South America. Among the countries with the lowest declines we observe especially Northern European and Asian countries. Notes: The components are estimated using Equation (2) with PISA weights.
Over the years, the correlations for the estimated starting levels (performance declines) are all above 0.91. As indicated by Borghans and Schils (2013) , a high correlation between the starting level (performance declines) over the years suggests that these components capture some of the traits of the 15-year-old population of a country. It should be noted that the correlation between the starting level and the performance decline is much lower, which indicates that the two components measure different traits. In Section 7 we also construct the components in such a way that they are completely orthogonal. This procedure aims to generate an even sharper distinction between the two components and their underlying skills.
Estimation of the Relationship between Skills and Economic Growth
The starting point of our empirical analysis of the effect of skills on economic growth is the standard cross-country growth regression as shown by Equation (1). The main previous studies aggregate scores from all available international cognitive tests and use this as a measure for cognitive skills (see Section 2.1). We label the aggregate test score from HW (2012) as the HW-index. In this study we decompose the scores on an international cognitive test into the starting level (S c ) and the performance decline during the test (P D c ). Therefore, instead of using test scores as a unidimensional proxy for human capital (H c ), in our case we use the two components, that is:
We include these two components into the cross-country growth regression to re-estimate Equation (1):
For estimating Equation (3) we try to stay as close as possible to HW (2012) . To this aim we use the same data on economic growth and the same covariates, estimate the same model specifications and use the same sample of countries. However, the decomposition method that we apply in this paper exploits a specific feature of the PISA test, namely the random allocation of the PISA booklets (see Section 3). Hence, we can apply the decomposition method only to one of the tests included in the HW-index. This has two implications for the estimations. First, the sample of countries that participated in the PISA test differs from the sample used in HW (2012). As a first step in our analysis we check whether the reduction of the sample from 50 to 37 countries, as a result of focusing on PISA, changes the results obtained in HW (2012). The second implication is that we use the PISA test only for measuring skills, and not the complete set of tests used for the HW-index. However, the PISA scores are highly correlated with the HW-index (r = 0.91). To further investigate whether PISA can be used as a proxy for the HWindex we re-estimate the main models from HW (2012) with PISA scores instead of the HW-index. As will be shown below, the estimates obtained with using PISA scores are very similar to those obtained with the HW-index. This suggests that PISA scores are a good proxy for the HW-index and, therefore, we use the PISA scores for estimating 13 Equation (1). Next, we decompose these PISA scores into the two components and we use these two components for estimating Equation (3). We estimate Equation (3) with OLS and report robust standard errors.
As we are using a two-step estimation approach it could be argued that the standard errors should be adjusted because the regressors are not fixed (see e.g. Murphy and
Topel 2002). However, due to the large number of observations used in the estimation of Equation (2), which is the number of students times the number of test items, the estimates for the starting level and the performance decline are very precise, and can be considered as fixed (see Table A .2 for the standard errors of the two components and the number of students participating in PISA 2006 per country). 
Data
The data used in the analysis come from various sources. Our first source is HW (2012) which provides their main measure of cognitive skills, the HW-index, which aggregates all available math, science and reading scores from international cognitive tests between 1964 and 2003 for 50 countries.
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As a second source we use data collected in the Programme for International Student Assessment (PISA). PISA is a triennial international survey which aims to evaluate education systems worldwide by testing the skills and knowledge of 15-year-old students.
The key subjects of the test are reading, science and math. The first PISA study took place in 2000. The method for decomposing test scores into a cognitive and a noncog- (Gallup et al. 1999) . Table A .2 provides the data per country on GDP growth, the HW-index and the two components of the PISA test.
Main Estimation Results
This Section shows the main estimation results in two steps. First, we replicate the main analysis of HW (2012) for the sample of countries for which it is possible to decompose the PISA test. Second, we include the two components from the decomposition in the main estimation models.
Replication of Previous Cross-Country Growth Regressions using PISA
In the first step of our analysis we check whether the estimation results obtained by HW Panel A of Table 4 shows that the results for the growth regressions with the HW-index for the restricted sample are very similar to the results for the unrestricted sample in Table 1 of HW (2012) . Column (1) in Table 4 shows the effect of years of schooling on economic growth. The estimated effect is statistically significant and suggests that one additional year of schooling increases the average annual growth rate in GDP per capita across 40 years with 0.2 percentage point. Column (2) shows the results from a model in which the HW-index is used as a proxy for human capital instead of years of schooling.
The estimated effect indicates that an increase of one standard deviation of the cognitive test scores is associated with 2.3 percentage points higher average annual growth rate in GDP per capita over 40 years. Similar to HW (2012), replacing years of schooling with cognitive test scores also increases the explained variance from one quarter to three quarters. Column (3) shows the estimation results from a model that includes both proxies of human capital. We observe that the estimate of cognitive test scores is similar to column (2) but the proxy years of schooling no longer has a statistically significant effect on economic growth. Columns (4) to (9) In sum, we find that the previously obtained results by HW (2012) are robust to using the sample of countries participating in PISA 2006 and to using PISA scores instead of the HW-index. The high correlation between the PISA scores and the HW-index, and the similarity of the estimated effects in the growth models suggest that, within the framework of HW (2012), we can use the PISA scores as a proxy for the HW-index.
The Relationship of the Starting Level and the Performance Decline with Economic Growth
In this Section we present the main estimation results of models that include the two components that we obtained from decomposing the PISA 2006 scores by using the method described in Section 3. Figure 1 gives a first impression of the relationship between the two components of test scores and economic growth, conditional on initial GDP and years of schooling. The left panel shows a positive association between the starting level of test scores and GDP growth. However, the right panel shows a very similar associa- Table 5 replicates the models of Table 4 using the starting level and the decline in performance as the main explanatory variables. Columns (1) and (2) show the estimates of the relationships shown in Figure 1 . We observe that the starting level has a positive and statistically significant association with economic growth. The estimated effect is somewhat smaller than the previous estimate from the model that uses the PISA score in Table 4 . As a measure for cognitive skills, the starting level is probably less confounded by noncognitive factors than the PISA score. This suggests that previous estimates of the effect of cognitive skills are slightly upward biased. Column (2) shows the results for the performance decline. We find that the performance decline has a positive and statistically significant association with economic growth. Moreover, the size of the estimated association is quite similar to the estimate for the starting level in column (1).
A comparison of columns (1) and (2) also reveals that years of schooling only has an effect on economic growth in column (2). Years of schooling has a higher correlation with the starting level (r = 0.63) than with the performance decline (r = 0.42). This might indicate that the performance decline also captures factors that are independent of what is learned in school, which is consistent with the idea that noncognitive skills are more affected by out of school influences than cognitive skills (Cunha et al. 2010 ).
10 Column (3) shows the estimates from a model that includes both components. We find that both the starting level and the performance decline have a positive and statistically significant association with economic growth but the estimates are considerably smaller than the estimates in columns (1) and (2). The estimate of our measure for cognitive skills, the starting level, drops with approximately forty percent compared to column (1), suggesting that the performance decline as a measure of noncognitive skills is indeed an omitted variable. The estimate for the performance decline drops with approximately one third compared to column (2). The next columns in Table 5 show the estimation results when using the different specifications. In general, the results are quite robust to these sensitivity tests. Controlling for average years of schooling between 1960 and 2000 does not change the estimates (column (4)). Specification (5) and (6) indicate that the results are not driven by outliers or by countries that belong to certain regions. However, when including regional dummies, noncognitive skills are only significant at a 10% significance level. This smaller effect is consistent with the idea that cultural differences are an important determinant of noncognitive skills embedded in the performance decline (Mendez 2015) . The estimated effect of the performance decline is robust to the inclusion of additional controls in columns (7) and (8). In particular, the estimate of the performance decline is robust to controlling for the measure of tropical location (specification (8)). Tropical location is an interesting control as one might argue that the performance decline might be related to the temperature in a country. We observe that the starting level is no longer significant when controlling for the quality of economic institutions in columns (7) and (8). A possible explanation is that better institutions could also imply better schools, capturing some of the effects of cognitive skills that the starting level is intended to measure. Finally, controlling for the initial GDP level in logs instead of levels in column (9) increases the estimated effect of the starting level and reduces the estimated effect of the performance decline.
In sum, we find that both the starting level and the performance decline have a positive and statistically significant association with economic growth. The size of the estimated effect of the two components is quite similar, the differences between the two components are statistically insignificant except for column (8) and (9). The estimated effect of the performance decline is more robust to changes in the specification than the estimated effect of the starting level.
7 Using a Stricter Measure of the Performance Decline A concern with the previous analysis, in particular with the interpretation of the second component of test scores, is that cognitive skills might also have an effect on the performance decline. The correlation between the two components is 0.59, which could indicate that the performance decline is also capturing cognitive skills. We address this concern by using a stricter measure of the performance decline that only exploits variation in the decline that is orthogonal to the starting level. More precisely, we regressed the performance decline on the starting level for the sample of 57 countries participating in PISA 2006 and used the residuals of this regression as a corrected measure for the performance 20 decline. As noncognitive factors, such as personality traits, can boost the acquisition of cognition (Cunha and Heckman 2008) , the estimates obtained when using this new measure for the performance decline in Equation (3) should be seen a lower bound for the relationship between the performance decline and economic growth. Table 6 shows the estimation results using this adjusted measure of the performance decline.
11 We observe that the results are qualitatively similar to those in Table 5 . The estimated effect of the performance decline is statistically significant in all specifications but, as a lower bound, the estimates are somewhat smaller than the corresponding estimates in Table 5 . The effect of the starting level is statistically significant in all specifications but one (column (8)) and the size of the estimates are larger than the size of the estimates in Table 5 .
The association between the starting level and economic growth can be better detected if the starting level is uncorrelated with the performance decline and the estimate can therefore be interpreted as an upper bound. The analysis in this section shows that the main findings are robust to using a stricter measure of the performance decline. Previous studies have found a positive association between cognitive test scores and economic growth. Although this association is difficult to interpret because of issues about reverse causality, omitted variables and measurement error, HW (2012) have found evidence consistent with a causal interpretation of this association. Our study has attempted to get more insight into the role of cognitive and noncognitive skills in the relationship between cognitive test scores and economic growth. We have applied a recently developed method for decomposing cognitive test scores into two components: the starting level and the decline in performance during the test. The decline in performance is related to noncognitive skills and the starting level of the test scores is an approximation of cognitive skills. We find that both components of the test scores are associated with economic growth. The size of the estimated effect of the performance decline on economic growth is approximately equal to the size of the estimated effect for the starting level.
This suggests that both cognitive and noncognitive skills are associated with economic growth. Moreover, we find that the estimated effect of cognitive skills reduces by forty percent after controlling for the decline in performance during the test. This suggests that previous estimates of the effect of cognitive skills are upwardly biased. This is in line with other recent studies that raise concerns about the size of the estimated effects of cognitive skills on economic growth (Atherton et al. 2013; Breton 2011 and Levin 2012) .
In this study we have tried to stay as close as possible to the approach used in previous studies that have established a clear relationship between cognitive test scores and economic growth. It should be noted that we have not been able to apply the decomposition method to the HW-index, used in the previous studies, but we have applied this method to the PISA test which is only one of the tests included in the HW-index.
As such, it remains unclear whether our results can be generalized to the other cognitive tests included in the HW-index. However, for three reasons it is likely that the results are also relevant for the other cognitive tests. First, a large literature in psychology, dating back to test pioneers as Thorndike and Wechsler, and a more recent stream of studies in economics provide evidence for the importance of noncognitive factors for cognitive test scores. Second, we find a very high correlation between the HW-index and the PISA scores, and using PISA scores instead of the HW-index produces very similar results when using models from previous studies. Third, the components resulting from the PISA-decomposition are very stable between countries and over time. As such, it seems not very likely that the decomposition results found for the PISA test will be applicable to this specific test only. It seems more likely that these results will also be relevant for other tests included in the HW-index. If the results found in this paper for the PISA-test would generalize to the HW-index, our results would suggest that the estimated effects of the HW-index reported in HW (2012) are driven by both cognitive and noncognitive factors.
Given the different type of policy interventions required to foster cognitive and noncognitive skills (Cunha et al. 2010) it is important to have a good understanding of the consequences of each type of skill. This distinction has been largely studied at the microeconomic level. Our study provides a first attempt to explore the implications of distinguishing between cognitive and noncognitive skills at the macroeconomic level. Our findings suggest that noncognitive skills are important for explaining the relationship between test scores and economic growth. 
